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positive linear correlations with the G+C content of their genomic DNA (Mouchiroud et al., 1991) . In coding regions the correlation slopes, with respect to the average genomic G+C content, differ among the first, second, and third positions of the codons, depending on their functional importance. Differences in average genomic G+C content among different bacterial species reflect a directional mutational pressure due to misincorporation errors during DNA repair or replication (Sueoka, 1962 (Sueoka, , 1992 . In bacteria, genomic islands with different G+C content with respect to the neighboring regions are generally the result of lateral gene transfer and recombination events. In pathogenic strains, some of the G+C islands carry virulence genes which code for toxins, adhesins, invasins or other virulence factors (Hacker et al., 1997) .
Plots of G+C content are extensively used in comparative analysis of complete genomes. Other typical analyses at genome sequence level include the GC skew, i.e. (G+C)/(G-C), the assessment of dinucleotide (δ-difference) and tetranucleotide relative abundance values, the identification of rare and frequent oligonucleotides and the evaluation of codon usage biases (Karlin et al., 1998; Grigoriev, 1998) .
Arneodo and collaborators used the continuous wavelet transform (CWT) to analyze long-range correlations associated to G+C patterns in DNA sequences, see Arneodo et al. (1998) and references therein. Here we use discrete wavelet methods to detect G+C patterns in genomes. Current methods of detection are based on averages of G+C content in a fixed window. There the window size is chosen based on the sequence length and on the scale of the features to be detected and, consequently, the localization accuracy of the methods is of the order of the chosen window-length (scale). Wavelets, on the contrary, provide a multi-scale representation of signals allowing efficient smoothing and/or extraction of basic components at the different scales. The basic idea of wavelets is to decompose a sequence profile in several groups of coefficients, each group containing information about features of the profile at a scale of sequence length. Coefficients at coarse scales capture gross and global features. Coefficients at fine scales contain the local details of the profile.
We first apply wavelet shrinkage to eliminate very small variations in the G+C content of regions of genomic sequences. The shrinkage consists in eliminating some of the coefficients at fine scales and reconstructing the profile using mainly the coarser scale coefficients. Donoho and Johnstone (1994) and Donoho et al. (1995) have shown that wavelet shrinkage performs better than linear methods such as splines, Fourier series and kernel-based smoothers. The improvement is particularly relevant when a function shows jumps or spikes (Wang, 1995; Raimondo, 1998) . Here we use an approach to the wavelet shrinkage proposed by Ogden and Parzen (1996) that uses a changepoint statistic.
Having obtained a smoothed profile we then extract and interpret characteristic components of the profile by looking at the scalogram of the wavelet representation. The scalogram, Flandrin (1988) and Chiann and Morettin (1998) , is a wavelet analogue of the well-known periodogram for time series analysis, and can be used to locate high and low frequency components. From the point of view of our sequences, a low frequency component can be associated to large genomic regions with different G+C content with respect to the nearby regions. A high frequency component is instead associated to rapid variations in the G+C content that involve a single gene or few genes.
We present results on G+C patterns analysis of D. radiodurans chromosome I and compare the genome sequences of two different strains of H. pylori (26 695 and J99) and two of N. meningitidis (serogroup B, strain MC58, and serogroup A strain Z2491). We detect a set of loci that have very different G+C content and have not previously described. We discuss the presence of these genes under the hypothesis of lateral gene transfer events. Our findings show that wavelet smoothing and scalogram are powerful tools to detect differences within and between genomes and to separate small (gene level) and large (putative pathogenicity islands) genomic regions that have different composition characteristics.
Theory

Wavelet theory and wavelet transforms
Wavelets are well established in the mathematical sciences, with successful applications in signal and image processing, numerical analysis and statistics. For a complete introduction to the mathematical theory of wavelets see Daubechies (1992) , among others. See Hirakawa et al. (1999) for a biologists' oriented introduction. In wavelet theory a function is represented by an infinite series expansion in terms of a dilated and translated version of a basic function ψ, called mother wavelet, each multiplied by an appropriate coefficient. The wavelet family is defined as ψ j,k = 2 j/2 ψ(2 j x − k), with j a dilation parameter and k a translation parameter, and the wavelet series representation of a function f is therefore
with wavelet coefficients
Coefficients f j,k describe features of f at the spatial locations 2 − j k and frequency proportional to 2 j (or scale j). Thus, the fundamental idea in wavelet theory is to break a signal down into its components and follow their evolution in the time or space domain. Unlike Fourier bases, wavelets are localized both in time/space and in frequency. This property enables the wavelet series to describe local characteristics of a function in a more efficient way. When representing a signal in a wavelet basis, narrow wavelets will detect sharp features and broader ones more global features.
The discrete wavelet transform (DWT; Mallat, 1989 ) decomposes a function into its wavelet coefficients. From a computational point of view, it proceeds by recursively applying two convolution functions, known as quadrature mirror filters, each producing an output stream that is half length of the original input, until the resolution level zero is reached. For practical purposes the DWT is often represented in matrix form as W y with W an orthogonal matrix and y a vector of observations of the signal. An inverse wavelet transform can be also defined. The standard discrete wavelet transform, as the fast Fourier transform, operates on datasets with length 2 N , N integer. When required, data can be padded with zeros. These zeroes do not affect the results.
Wavelet shrinkage
Wavelet shrinkage, Donoho and Johnstone (1994) and Donoho et al. (1995) has found useful applications in many different scientific fields, one of the most recent being the analysis of protein structure, see Hirakawa et al. (1999) and Lio' and Vannucci (2000) . There a signal is observed with an additive Gaussian component
withf the vector of 'noisy' observations of f and σ the standard deviation of the noise component. The purpose is to recover f . A DWT is applied to the data obtaining a set of empirical coefficients
Given to the linearity and orthogonality properties of the DWT, the component w i = W ψ z i is again normally distributed and with constant variance. This component can now be removed from the empirical wavelet coefficients by applying a 'hard' or 'soft' threshold technique. Hard threshold functions apply a 'keep or kill' policy, i.e. each coefficient is removed if less, in absolute value, than a threshold value. Soft threshold functions, in addition, shrink the absolute value of coefficients larger than the threshold. An estimate of f is finally reconstructed from the smoothed coefficients by applying the inverse wavelet transform.
Thresholding can be done globally or locally, according to whether one chooses the same threshold value for all coefficients or different values for different groups of coefficients. Here we follow the approach to the wavelet shrinkage of Ogden and Parzen (1996) , who, at each scale of resolution, use a hypothesis test procedure to determine if the set of coefficients at that scale behaves as noise or if a significant signal component is present. The maximum of each set of squared wavelet coefficients is tested to see if it behaves as the nth order statistic of a set of independent χ 2 . If not, it is kept, and the maximum of the remaining subset is tested, continuing in this fashion until the maximum of the subset is judged not to be significant. The set of 'large' coefficients that 'pass the test' of significance describe significant features of the signal. The level of the hypothesis test, α, controls the smoothness of the resulting wavelet estimate, with small values associated to more smoothed estimates.
Wavelet scalogram
Here we describe the scalogram, a wavelet tool that can provide a useful interpretation of the wavelet representation of a signal. The scalogram is defined as a plot of the sums of the squares of the wavelet coefficients at the different levels. It was first introduced by Flandrin (1988) , in the context of the continuous wavelet transform, and subsequently by Chiann and Morettin (1998) and Ariño et al. (2000) , in the context of the discrete transform, as a decomposition of the 'energy' of a function in the timefrequency (scale) plane.
The scalogram is the analogue of the periodogram used in Fourier analysis to detect periodic components of a signal. Different components will result in well visible peaks in the scalograms. These components can be extracted from the signal by spliting the wavelet coefficients into different sets, each set containing those coefficients that belong to the same peak. Low and high frequency components of the signal can then be reconstructed by applying the inverse wavelet transform to the separate sets. Ariño et al. (2000) provide helpful details about implementation aspects and also suggest improvements of the spliting of the coefficients for the case of levels that fall in between peaks. To provide the readers with an illustrative example, and following Ariño et al. (2000) , Figure 1a shows an artificial periodic signal with two components, Figure 
Implementation
Wavelet smoothing of DNA sequences
We first apply wavelet shrinkage to eliminate variations in the G+C regions of the genomic sequences that are too small to be of interest. Methods based on wavelet transforms generally require a powerful visualization tool. We have used S-Plus (Mathcad) and the S-Plus wavelet module implemented by Nason and Silverman (1994) . In order to detect G+C patterns we have coded the DNA sequences in a simple way: C, G = 1; A, T = 0. The signal is padded with zeroes to achieve a total length as a power of two. The analysis of sequences of entire chromosomes may require large amounts of memory. A remedy can be to consider a spliting of the genome in several subsequences using windows of 1024 kb, 2048 kb or more. The ends of the denoised profiles can be joined using interpolation techniques. When using this option special care should be given to the interpretation of the extremes of the smoothed subsequences in that they may be affected by the well known boundary problems of the wavelet transform. Alternatively, the G+C can be preliminary averaged using a very small window of 4-10 bp. From a practical point of view, averaging does not change the accuracy of the localization of pattern boundaries. With this option, DNA sequences of 1 Mb can be processed in less than 5 s on a portable computer. Results of this paper were obtained on profiles averaged over 10 bp.
When applying the discrete wavelet transform (DWT) to G+C profiles we used Daubechies (1992) wavelets with N vanishing moments † . These wavelets are the most commonly used in applications. Performances of the different bases vary among different classes of signals, depending on characteristics such as ruggedness, intermittency and variance. It is known that more regular wavelets lead to high compressibility, since the fine scale wavelet coefficients are zero where the function is smooth. On the other hand, the support of the wavelets increases with the degree of smoothness and a trade off with the localization properties is necessary. Limited exploratory analyses (we tried Haar and Daubechies N = 2, 4, 8, 10) showed that the Daubechies' basis with N = 10 vanishing moments is a good compromise for G+C pattern analysis. † A function f has N vanishing moments if t q f (t) dt = 0, q = 0, 1, . . . , N − 1. The denoising method we use depends upon the choice of the parameter α. Changing the value of this parameter corresponds to tuning the amount of signal denoising. Following Ogden and Parzen (1996) we have focused on two different values of the parameter. A value α ∼ 0.5 leads to severe smoothing and to reconstructed profiles that barely show the main features of the original sequences. A value α ∼ 0.999 leads instead to a more conservative smoothing and to profiles that preserve a large number of local features. We have therefore decided to concentrate on this latter value and used in all analyses α = 0.999. Variations of α in the range 0.9−0.999 do not alter the features of the smoothed sequences. Profiles were zero-averaged before applying the DWT and denoised profiles were rescaled to the average G+C content of the sequence.
Wavelet-based measure of sequence profile comparison
Further analysis of patterns of smoothed profiles can be done by looking at the scalogram of the wavelet representation. If the scalogram shows isolated peaks then we can extract the different components of the signal.
A low frequency component will be associated to large genomic regions with different G+C content with respect to the nearby regions. A high frequency component will instead be associated to rapid variations in the G+C content that involve a single gene or few genes. The low and high frequency components can be reconstructed by applying the inverse wavelet transform to wavelet coefficients that belong to different peaks, as previously described.
Results and discussion
Genomes comparison: a G+C perspective
We have analyzed the G+C patterns of a set of bacterial genomic sequences with different average G+C content and for which the G+C patterns have not been previously analyzed or have been described at low resolution. This set includes D. radiodurans (G + C% = 0.67; White et al., 1999) , H. pylori strain 26695 (G + C% = 0.38; Tomb et al., 1997) and strain J99 (G + C% = 0.38; Alm et al., 1999) , and N. meningitidis serogroup A strain Z2491 Table 1 ; the arrow with empty head is referred in the text.
(G + C% = 51.8%; Parkhill et al., 2000) and serogroup B strain MC58 (G + C% = 51.5%; Tettelin et al., 2000) . Figure 2a shows the wavelet denoised profile of D. radiodurans chromosome I. All the sequence segments near each maximum and minimum (small arrows) were used as query in sequence database searching using Blast 2.0 (Altschul et al., 1990) . We report in Table 1 the most important minima and maxima, their positions, the corresponding locus (gene), the putative function and the G+C content. In the case of D. radiodurans we found that all minima and maxima but a dGTPase, DR1808 and a secretory protein, DR0774, are coding regions with unknown functions and with no close homologous in GenBank; thus, no assumption can be made on the selective advantage of these genes. The low G+C content of these loci and the very low G+C content of the minima suggest that a high G+C content is not a necessary requisite for the radiation-resistance and desiccation/starvation recovery of this bacterium. It is worth mentioning that, although there is no correlation between the genomic G+C content and the growth temperature, a correlation has been found between the G+C content of rRNA and tRNA stems and the optimal growth temperature (Garnier and Lobry, 1997) . The high transformability of this bacterium (see White et al., 1999 , and references therein) and the low G+C content of these loci suggest that they may have been transferred from low G+C content species. Figures 2c and 2d show the wavelet denoised G+C profile of the genome sequences of H. pylori strains 26 695 (line) and J99 (dotted line) and their scalograms. Karlin and collaborators reported the analysis of the G+C plot of H. pylori strain 26 695 (Karlin et al., 1998 ) using a sliding window of 50 kb. The two genomes have very similar smoothed plots. The strain 26 695 contains a low G+C content region (first arrow from the left at the bottom of Figure 2c ), located from 454-480 kb, that is not present in the J99 strain. This region contains two homologues of VirB4 (HP0441, HP0459) that is implicated in bacterial conjugation (Dang et al., 1999) , transposases (HP0438, HP0437) and several hypothetical proteins. There are three large low-G+C content regions that are very similar in both H. pylori genome sequences. The location of CAG pathogenicity islands in both genomes is shown ('cag' in Figure 2c ). The regions 1050-1069 kb (strain 26 695) and 1041-1060 kb (strain J99) contain transposases (HP0988, HP989, HP997, HP998, HP1007), integrase/recombinase proteins (HP0995, JHP941, JHP951) and proteins regulating plasmid functions (HP1000, HP1006). The regions 1581-1613 kb (strain 26 695) and 1535-1574 kb (strain J99) contain loci that are putative restriction/modification enzymes (HP1517, HP1521 and JHP1409); these are often phase-variable genes; outer membrane proteins (HP1512). A peak at 1 473 200 in the strain 26 695 occur in proximity of 23S rRNA genes.
The H. pylori and D. radiodurans scalograms (Figures 2b and 2d ) are rather different in energy and maximum positions. The scalograms of D. radiodurans (Figure 2b ) has a peak more shifted towards high frequencies than the scalograms of H. pylori genomes (Figure 2d ) because the signal has more wiggles. The scalograms of H. pylori sequences show a large low-frequency component while the high-frequency one seems negligible. Low frequency components are revelatory that there are large genomic regions with different G+C content with respect to the nearby regions.
Figures 3 show the comparison of the wavelet denoised G+C profiles of N. meningitidis serogroup A strain Z2491 (Figure 3a) and N. meningitidis serogroup B strain MC58 (Figure 3c ). Although the two profiles have different minima and maxima they have similar G+C patterns of ribosomal genes (large arrows with empty heads). Table 1 shows that several G+C content minima in both plots Table 1 ; the arrows with empty heads correspond to the positions of ribosomal proteins. occur at loci that have a putative pathogenesis function, such as biosynthesis of capsule (NMB0067, NMA0200), adhesins (NMB0313, NMA0690), phase variability loci (NMB0098, NMB2008) and outer membrane protein (NMA1623).
The scalograms of the profiles of Figures 3a and 3c clearly show two peaks (Figures 3b and 3d, respectively) . This may help us in extracting significant components of the smoothed profiles. The scalogram of N. meningitidis serogroup B (Figure 3d ) shows a low-frequency peak that is bigger and spanning over a larger range of scales than the one of N. meningitidis serogroup A: this suggests that N. meningitidis serogroup B may have more pathogenicity-related genes than the other genome. Thus, we investigate in more details the profile of N. meningitidis B. We show in Figures 4 the plots of low- (Figure 4a ) and high-frequency (Figure 4b The plot of the low-frequency component of N. meningitidis B (Figure 4a ) reveals three other large genomic regions with low G+C content that have not yet been described in the literature. Particularly, they do not appear in the low resolution G+C plot shown by Tettelin et al. (2000) .
• The region X1 (Figure 4a ) ranges from 159-163 kb and contains ribosomal genes; these genes have low G+C content also in N. meningitidis serogroup A (arrows with empty head in Figures 3a and 3c ).
• The region X2 ranges from 1428-1455 kb ( Figure 4a ) and contains genes that may have pathogenicity functions, as for instance loci coding for an ABC Table 1. transporter family protein (NMB1400), IS1106 transposases (NMB1399, NMB1411), FrpA/C proteins (NMB1403, NMB1405, NMB1407, NMB1409, NMB1412, NMB1414, NMB1415) that are similar to RTX toxins (Thompson et al., 1993) ; RuvC (NMB1419) that is part of the restriction/modification system (Handa et al., 2000 and references there in) and htrB/msbB (NMB1418) that is involved in membrane lipid A synthesis and can inhibit the complement pathway activation (de Haas et al., 2000) . The other proteins of this region have unknown function.
• The region X3 ranges from 2222-2232 kb ( Figure 4a ) and contains 6 copies homologous to MafB adhesin (NMB2105, NMB2107, NMB2111, NMB2119, NMB2122,) and a IS1016 transposase (NMB2126); all the other proteins have unknown function.
We hypothesize that the X2 and X3 regions may have originated from lateral transfer events and their gene composition suggests that they may be putative pathogenicity islands. Further investigations may require experimental evidences on some of the proteins with unknown function. The low G+C content of the X1 region may also suggest that ribosomal genes cluster can be transferred among close species. Asai and collaborators have recently shown that bacteria can exchange even rRNA operons (Asai et al., 1998) . The high frequency component of the N. meningitidis B, plotted in Figure 4b , is associated to rapid variations in the G+C content that involve a single gene or few genes. The most important maxima correspond to those of Figure 3c and are reported in Table 1 .
Concluding remarks
Papers reporting results of genome sequencing projects usually display low resolution G+C plots and perform a χ 2 statistics of the average value for each window and the whole genome. The method described in this paper is based on performing a χ 2 statistics on the wavelet coefficients of a profile; thus we do not need to choose a fixed window size, in that smoothing occurs at different scales. The wavelet scalogram seems a powerful tool to detect G+C pattern differences among genomes and to separate the different components of a profile. We have shown that low and high frequency components generated from a scalogram correspond to large (cluster of genes) or small (single gene) regions with different G+C patterns. This method can be applied to other measure of genome composition such as δ-difference, GC skew and purine/pyrimidine patterns.
